ABSTRACT: Several methods of measuring the situation awareness (SA) of a human who is teleoperating a robot are compared for the domain of urban search and rescue (USAR), to identify those that have the greatest potential for developing more reliable and accurate ways of measuring SA for effectively operating robot systems. Such comparative studies are essential because SA has been identified as a key human factors issue since post-September 11, 2001, operations for effective task performance in (tele)robotics. This paper discusses the pros and cons of the main aspects that need to be included in developing reliable SA measurement methods from the related domain of air traffic control, in which SA has a long research history. These methods have been adopted and modified accordingly to address needs of teleoperating robot systems and have been tested in a realistic USAR simulated scenario developed especially for performing these assessments. The results were compared against each other as well as with existing measures. A new method of measuring task performance that is more appropriate for USAR is also presented and tested within the comparative studies.
Introduction

THE MOST COMMON METHOD FOR CONTROLLING A ROBOT IS TELEOPERATION
, particularly in safety-critical domains such as search and rescue, bomb disposal, space exploration, and military applications. In such domains, the critical actions typically must be decided by human operators rather than the automated system. A typical teleoperation setup consists of one or more human users controlling one or more robots from a station that may be remote from the operational environment through some kind of interaction interface.
In order for humans and robots to effectively collaborate in order to perform particular tasks, it is vital that there be effective, natural, and safe means of interaction between the user and the robot. Traditional methods of designing humanrobot interfaces have failed to produce effective results, as was witnessed in the post- September 11, 2001 , search operations (Blackburn, Everett, & Laird, 2002; Casper & Murphy, 2003) . It was observed that inadequate situation awareness (SA) of the human operators when interacting with the robots was one of the critical issues leading to failure. The importance of this problem has been further emphasized in a number of training scenarios Burke, Murphy, Coovert, & Riddle, 2004) .
A number of research studies have focused on examining how a particular component or feature of the robot affects the operator' s SA. For example, Lewis (2004, 2005) and studied the effects of using a camera; Reichard (2004) and Reichard and Crow (2002) investigated the robot system' s health awareness in terms of power requirements. Scholtz, Antonishek, and Young (2004) ; Scholtz, Young, Drury, and Yanco (2004); studied the effects of HRI graphical teleoperation interfaces at two major robot USAR competitions. Although some useful recommendations have been drawn from these initial studies in robotics, the work has attempted to address the issues "from scratch" and draw from the fact that important and relevant findings from other similar problems in other sectors could be useful without the need to "reinvent the wheel." In this respect, it is becoming apparent that the lessons learned in the related domain of air traffic control, in which similar human factors issues have been extensively studied, could find potential use in the domain of robotics.
In a number of research studies (Kaber, Riley, Zhou, & Draper, 2000; Riley, 2001; Riley & Strater, 2006; Riley, Strater, et al., 2008; Scholtz, Antonishek, & Young, 2005) , the effect of the quality of the robot operator' s SA on task performance (TP) has been investigated in general terms by considering the complete system. These studies draw inspiration from the theories and measurement methodologies developed for the area of air traffic control, in which SA has a long research history. It is felt that the development of SA within the robotics sector can be enhanced by advances that already have been made because of the similarity of the two domains; in both, the operation of complex systems in unstructured dynamic environments, often under time and safety-critical conditions, needs to be considered.
The results from these studies enable the measurement of SA because the methods proposed are based on validated techniques. But what is missing is a coherent approach and development of an "infrastructure" whereby enhanced robot-domain-specific methods could be developed together with techniques to allow objective comparisons of the new methods that are realized. If such a framework was available, it would be possible to make more thorough investigations and thus foster the methods that have the greatest potential for making the rapid advances in robotics that are needed. This paper is aimed at beginning the work of developing and realizing an infrastructure that could allow such comparative studies among SA measurement methods. In order to initiate the development of a suitable framework for making the comparisons, several validated methodologies from the domain of air traffic control and avionics have been adapted and tested in teleoperated robot applications. A virtual urban robot search and rescue task was created as the experimental scenario, and an alternative method of measuring TP that seems to be more objective and accurate for this particular scenario was developed. Such a TP metric is essential because performance scores are critical in comparing the various measurement methods of SA that are studied.
Thus, the major contribution of this paper is to initiate the development of methods for measuring SA and TP in operating robot systems so that roboticists can objectively begin to link these robot system performance issues with aspects of robot design. Clearly, these are open-ended questions, but it is essential to introduce more formalism in linking these complex issues of robot design with their effectiveness in enhancing the operational performance of robot systems. In this respect, the key point of this paper lies in addressing the importance of making comparative studies between various SA measurement methods. Such comparisons serve as a mechanism for identifying the methods with the most potential, as well as allowing self-assessment to be carried out for new methods that are developed for the robotics sector. Such comparative studies are largely lacking in the literature, which is presented in the next section.
The rest of the paper is organized as follows: The robot search and rescue setup is described first, followed by a discussion of the performance metric used for the research. A discussion of the different SA measurement methods is then presented, covering the dimensions of SA and proposed methods for measuring SA. After this discussion, the comparative assessment of these methods will be presented. The paper ends by drawing the main conclusions of the research.
Literature Review on Situation Awareness Scholtz et al. (2005) measured the SA of a human who was supervising on-road vehicles through a two-dimensional map display interface using Endsley' s (1988) popular and well-accepted Situation Awareness Global Assessment Technique (SAGAT) measurement methodology. The SA scores, along with measurements of the workload that the participants experienced, were used to assess the human-robot interaction interfaces.
However, this investigation did not take into account earlier and more extensive work in this area by Kaber, Riley et al. (2000) and by Riley (2001) , which focused on various aspects and their effect on overall performance in carrying out robot demining tasks (searching for mines, classifying any mine located, and, finally, neutralizing it). The issues investigated include the effects of task performance itself, the quality of the situation awareness, the level of operator workload, the participant' s attention level, and the difficulty level of the task being performed.
Riley also developed a method to measure the SA of a robot operator using the SAGAT principles of Endsley (1988) . This work is still the most complete study in this area; it covers a wide spectrum of SA and TP issues for teleoperated demining robots. It is clear that the various demining tasks being performed in Riley' s work (mine location, mine classification, and mine disposal) and their associated SA and TP aspects are extremely complex interrelated features that need to be broken down into much simpler subtasks so that more reliable and robust measurement methods can be developed. This complexity may need to be reflected in some formal methodology and the straightforward approach used to measure TP as the time-to-mine neutralization (the time from the beginning of the participant' s search for a mine until its successful neutralization without any regard to the times taken for the subtasks of localization, classification, and disposal). This simplicity in the TP may not be sufficient for this application, as evidenced by some "surprising" results that were found (Riley, 2001, p. 105) . Furthermore, detailed resolution of both the SA and the TP for the subtasks may be more appropriate.
Riley' s study participants performed the search task in three arenas of varying levels of difficulty, which were determined by the total number of mines in the arena; the larger the number of mines deployed, the denser their spatial distribution and, hence, the easier the search task due to the increased likelihood of locating a mine. Riley' s hypothesis was that as the difficulty of the search task decreased, the participant' s performance would increase-that is, it would require less time to locate and neutralize a mine. It is clear that mine localization may have taken less time, but mine classification and mine disposal would be the same as before.
Depending on the proportion of time used for these subtasks, reducing the level of difficulty may not be reflected in a reduction in TP. For example, if the bulk of the time is used to classify and dispose of mines, the difficulty level may not lead to the necessary expected results. For this reason, Riley' s method of measuring the TP of the overall demining task may be inappropriate; it appears to be measuring the mine localization time as a function of the difficulty level of the search task, but the study has not changed the level of difficulty of the mine classification or mine disposal subtasks. Without the respective proportions of times for performing these three subtasks, it is not possible to correlate overall TP with changing the difficulty level of only one subtask, which might have yielded better results in some cases. In addition, the use of the absolute time needed to locate and disarm a mine might not be a complete reflection of the true TP, because it does not take into account normalizing parameters and constraints determined by the physical laws of the operational environment that might influence the experimental results.
In some more recent studies, Riley and colleagues (Riley & Strater, 2006; Riley, Strater, et al., 2008) investigated the relation of TP, SA, and workload in controlling more than one real robot with variable levels of autonomy in performing a mazenavigating task. This use of real robots is a positive development in the field; for the measurement of SA, the SAGAT methodology (Endsley, 1988) has been used again, but without considering or comparing the results with any alternative methods.
Kaber and his colleagues also provided a number of studies investigating the relation of task performance, SA, and the workload of operators of systems with varying levels of automation in tasks such as simulated underwater demining (Kaber & Wright, 2003; Kaber, Wright, & Sheik-Nainar, 2006 ) and simulated nuclear material handling (Kaber, Onal, & Endsley, 1998 . In all these studies, the operators' SA was measured using SAGAT (Endsley, 1988) , but once again, there was no comparison with alternative approaches.
Materials and Methods
The urban search and rescue (USAR) application was chosen as the experimental scenario. It consists of a robot-assisted USAR mission in a building that had partially collapsed because of a disaster (see Figure 1 ) and was classified as too dangerous for a human to enter. The commander of the rescue operations decided to deploy a robot to search particular rooms and floors of the building for casualties. The goal of the robot operators was to search the area assigned to them for any casualties in the most efficient way possible. Upon finding a casualty, they were directed to mark their location. They were also instructed to protect the robot from damage and to bring it back safely before its batteries were depleted. The robotics suite of Player/Stage/ Gazebo (Gerkey, Vaughan, & Howard, 2003) was found to be appropriate for the realization of such a task , 2005 .
It is worth mentioning that the virtual robot is intended to resemble a real robot platform in functionality and appearance; the configuration is also representative of a real robot developed for future real-world experiments. As such, the Gazebo model of a Pioneer 2AT robot equipped with a virtual camera and a SICK LMS200 laser range finder was selected. It also has the required localization capabilities, as the simulator software provides the exact position and orientation of the robot.
Human-Robot Interaction Graphical Interface. A graphical user interface, shown in Figure 2 , was developed for the human-robot interactions, based on the GNOME Human Interface Guidelines (Benson, Elman, Nickell, & Robertson, 2004) and implemented using the GTK+ toolkit. It consists of the following modules:
1. The navigation center display was used to drive the robot with a joystick, keyboard, or mouse and to alter the robot' s speed and turning rate. The power display was also integrated into the navigation module. 2. The timer display was used to keep track of the elapsed time and the current time. 3. The camera display provided video feedback from the robot.
4. The laser range finder display showed the data from the virtual SICK LMS200 laser range finder. It can be used to detect if there are any objects in a range of approximately 8m, 180 o in front of the robot. 5. The position display showed the accurate position and orientation of the robot on a "white canvas"; as such, it could be used as a compass.
In addition, participants were given a drawing on paper showing a plan view of the arena (Figure 1a ).
Subjects Set
Thirty subjects were asked to execute the experimental scenario described earlier. Of these, 16 were members of a paramedic unit in Greece who volunteered for the study, and the remaining 14 were academics and students who were randomly selected from the Faculty of Engineering, University of Leeds.
The age range of the paramedics was 26-36 years, with the average age being 30 years (s n-1 ϭ 8.0); 12 were men and 4 were women. The age range of the academicians was 23-50 years, with the average age being 28 years (s n-1 ϭ 6.7); 9 were men and 5 were women. All participants had experience using computer systems. All were asked to spend 15-20 min of training time with the system in order to familiarize themselves with it. The average training time for both the paramedics and the academicians was 18 min (s n-1 ϭ 1.3 and s n-1 ϭ 1.4, respectively).
1.
Briefing: Participants were introduced to and informed of the overall aims of the study, experimental task, mission goals, capabilities of the robot system, human-robot interaction interfaces, and methods of measurement. 2. Training: During this period, participants had the opportunity to get hands-on experience with the robot system and the search mission in a training arena that was different from the actual experimental search site. Training lasted on average 15-20 min. 3. Experimental task: During this stage, participants performed the task on the actual (unknown to the participant) experimental arena. The experimental task lasted a maximum of 33 min, this being the time needed to deplete the batteries. An additional 15 min on average were needed for a number of random pauses in the execution of the task, during which some of the measurement methods used in the study were applied. The only piece of information that the experimenter was allowed to provide at this stage was whenever the participant was near an exit point. This was done to simulate the knowledge that someone would gain by listening to the robot approaching, given that acoustic feedback
had not yet been implemented in the system. Questions regarding the interface were answered by the experimenter, but other than these specific queries, the experimenter did not provide any further assistance to the participant. 4. Assessment: During this stage, the rest of the measurement methods were applied. This stage lasted about 20 min.
Task Performance Measurement
It is important to identify valid and accurate methods for measuring task performance, as this is needed in comparing various SA measurement methods. The most relevant metric for measuring TP for the current research is the method used in the RoboCup Rescue competition (http://www.robocuprescue.org); it is primarily based on the number of victims and the difficulty in locating them (Jacoff, Weiss, Messina, Tadokoro, & Nakagawa, 2003) . Although this is a well-tested and accepted method, part of it is based on the difficulty of locating the victims. The current system has limitations that prevented the inclusion of casualties with varying levels of difficulty in being located, but it allowed simple search tasks to be investigated thoroughly so that the potential complexity problems discussed for Riley' s work could be avoided in the initial stages of the research.
In the experimental test bed, a casualty could always be perceived easily once it was seen by the operator. This was also shown by the fact that none of the participants failed to identify a casualty when he or she came into visual contact with it. The RoboCup Rescue metric seems to work well for the competition for which it was designed, the arena is predesigned, and there are always some casualties. In real-world scenarios, however, USAR teams may have to search areas where there may be no casualties. In such cases, it will be difficult to measure TP via the RoboCup Rescue metric. This issue provides an additional reason for formulating alternative methods of measuring TP in the USAR scenario that was investigated.
For effective performance in USAR tasks, an additional main requirement to locating the possible casualties is that of ensuring efficient navigation over the area to be searched; that is, searching as much area as possible in the shortest amount of time while avoiding damage to the robot. The use of these aspects as potential metrics for measuring TP in performing navigation tasks was also suggested by Steinfeld et al. (2006) . Following the earlier discussion on Riley' s measurement of TP, it seems sensible to use the normalized metric of percentage of the area covered as the main term expressing how much area has been successfully searched, instead of an absolute metric such as square meters searched, because this also allows for the comparison of results from different arenas, if required.
The complete metric employed in the current research is mathematically described by Equation 1: (1) where • TP ϭ the task performance score, measured on a scale from 1 to 100.
(Actually, it is mathematically possible for the scores to go above 100. However, such a score is very rare, and it is usually achieved by someone who already knows the area and the system exceptionally well.) According to Equation 1, the following ranges of scores typically occur. A score above 70 is usually achieved when the participant has a high coverage of the area, manages to earn the bonus of exceptional performance, and also brings the robot back safely. A score in the range of 50-70 is usually achieved when the participant has a relatively good coverage of the area, even if the robot gets lost. A score lower than 50 is expected when the participant covers only a small percentage of the area and also fails to bring the robot back safely.
• AC i ϭ percentage of the total area actually searched.
• t ϭ total mission time, measured in seconds.
• RS ϭ reward for bringing the robot back safely. It has been set to contribute 25% toward the final performance score. This was chosen because the metric of how much area has been covered is the main factor in the measurement of performance. A larger-value reward was observed to significantly affect the overall results; participants who lost the robot despite having a good coverage earned scores that were similar to scores of participants who had much smaller coverage but managed somehow to bring the robot back safely. Smaller values have been shown not to have sufficient impact on the scores.
• EP ϭ reward for large coverage of the area (more than 80% of the total area covered), signifying exceptional performance by the participant. It was set to contribute 25% to the final performance score. This reward was given to resolve an issue that occurred in the term of the area covered over the time taken. A participant who spends very little time searching but moves around as much as possible in this short period can achieve a higher score than one
who tries to search the entire area, dealing with all its complexities, and spending more time in searching. This reward aims to separate the performance of such participants.
• k 1 , k 2 ϭ normalizing constants.
The subjective nature of the selection of the values for the RS and EP rewards could be a reason to criticize this measurement method. But as TP was still largely an unknown and unquantifiable quantity in complex multidimensional applications such as the one being considered here, the approach adopted was taken after careful consideration and experimentation in order to guarantee that the two main rewards merely fulfilled their individual singular goals (to successfully and reliably separate the appropriate groups). In this way, more knowledge and experience in quantifying and objectively measuring TP can be realized for the future.
Classification of SA Measurement Methods
It is commonly agreed (Fracker, 1991; Jeannot, Kelly, & Thompson, 2003; Sarter & Woods, 1995; Uhlarik & Comerford, 2002; Vidulich, 1992) that, despite the use of different descriptive labels in some cases, all the various measurement methods that have been developed fall into the following categories:
• Explicit methods that directly measure SA.
• Implicit methods that indirectly measure SA through an intermediate variable; for example, by measuring TP; in this case, the level of SA can be inferred assuming that there is a well-known relation between them. Because TP is actually the most common variable used for this purpose, these methods are also often called performance-based methods.
• Subjective methods that measure SA either from the participants' self-ratings or ratings from an external observer, who is usually a domain expert.
The majority of the assessment methods have been developed and tested primarily in the areas of air traffic control, aircraft piloting, and military command (Gawron, 2008; Jeannot, 2000) . Although they are tied to their respective domains, their methodologies as well as their strengths and weaknesses can provide useful lessons for developing new required solutions for the domain of robotics.
It is beyond the scope of this paper to provide an exhaustive literature review, which in any case has already been presented in several publications (see, for example, Endsley, 1995b; Endsley & Garland, 2000; Fracker, 1991; Gawron, 2008; Jeannot, 2000) . It is important, however, to briefly explain and discuss the pros and cons of these types of SA measurement methods in order to justify the choices adopted and presented in the current research.
Explicit Methods. Explicit measurement methods directly measure SA by assessing the elements and the features that exist in the user' s mental model. First, the participant is required to answer certain queries that reveal the quality of this mental model. The correctness of his or her answers is checked against the actual states, thereby providing a measurement of the level of his or her SA. These methods are usually applied concurrently while performing the task (Jones & Endsley, 2004; Kaber, Riley, Sheik-Nainar, Hyatt, & Reynolds, 2006; Riley, Kaber, Sheik-Nainar, & Endsley, 2008; Willems & Heiney, 2001) or retrospectively at the end of the task (Deighton, 1997) .
Concurrent methods query the participant during the execution of the task and are considered to be objective, as they compare elements of the user' s mental picture with the actual situation. However, their obtrusiveness has been criticized, and it has also been suggested that they might be measuring the participant' s workload (Jones & Endsley, 2004) . Conversely, retrospective methods are not obtrusive, as they are used after the end of the task. Endsley (1995a) argued that retrospective methods suffer from memory decay, which means that the participant is able to recall only the very last few minutes of the task, and as such, his or her self-ratings represent mainly the end stages of the task.
In order to minimize the obtrusiveness of concurrent methods and to avoid the memory decay issues of the retrospective ones, Endsley (1988) proposed that the task should be halted while the measurement method is applied. Endsley (1988 Endsley ( , 1990b applied this freeze technique to develop a method (Situation Awareness Global Assessment Technique, or SAGAT) for measuring the SA of air traffic controllers. This consists of one of the most popular measurement methods and has also formed the basis of many other methods that have been developed, such as QUASA (Edgar, Edgar, & Curry, 2003; Edgar, Smith, Stone, Beetham, & Pritchard, 2000; McGuinness, 2004) , and SALSA (Hauss & Eyferth, 2001) .
SAGAT is also the only assessment method that has been applied in the area of robotics. Briefly, it works as follows: The participant executes the task as usual. At some random point, the task is halted, and all the available sources of information are hidden from the participant. He or she is then asked to go through a "SAGAT stop" session, in which he or she is asked some questions that are related to the current pursuit goals and that reveal "bits and pieces" from his/her mental modelthat is, his/her SA. The set of questions asked at each stop are random, so that the participant is not prepared for particular aspects, which would bias the measurements. A limitation of the freeze technique, unlike online queries and retrospective methods, is that it cannot be applied in real-world case scenarios in which it is not possible to pause the execution of the task.
Overall, the explicit methods are considered to be methods of high validity, because they directly assess the participant' s knowledge of the situation, and they are objective because they compare this knowledge with the true state of the world, without being based on self-ratings or external, subjective judgments (Endsley, 1995a) . Conversely, Fracker (1991) argued that as long as the participant selfreports his or her SA, the methods are subjective. This seems to be a weak criticism, as carefully selected queries could provide answers that would be the same whether they were retrieved from the participant or in some way other than directly obtaining the information from him or her. Pritchett, Hansman, and Johnson (1996) ; Uhlarik and Comerford (2002) ; and Endsley (1995a) criticized explicit measurement methods because even if SA were directly measured, the measure does not provide any clues about how participants will perform. This reinforces the contention that there is no clear consensus on what the relation is between SA and TP , whether they are standalone variables or one is incorporated within the other. Moreover, Sarter and Woods (1995) conjectured that the queries asked in the explicit methods can bias the participant in seeking specific information and following certain patterns of actions. However, some methods (e.g., SAGAT) address this by randomly selecting the queries to be asked and avoiding repetition. Implicit Methods. Implicit measurement methods indirectly measure SA by inferring it through the measurement of another variable that is assumed to be related to it. The most common such related variables are TP (used in Brickman et al., 1995; Neal, Griffin, & Bordia, 1998; Muniz, Stout, Bowers, & Salas, 1998) , and the participant' s response time when there is a sudden, forced change in the situation (used in Jeannot et al., 2003; Durso, Hackworth, Truitt, Crutchfield, Nikolic, & Manning, 1998) . When TP is used, it is usually considered the overall TP and is measured by asking participants to rate themselves, or by asking external expert observers to assess participants' performance. Predefined performance guidelines are normally used to guide these ratings for a more objective measurement (Brickman et al., 1995; Muniz et al., 1998; Neal et al., 1998) . Uhlarik and Comerford (2002) argued that implicit methods are superior because performance itself is easier to define and measure. Pritchett et al. (1996) considered these methods to be more objective than explicit ones, as the measurement of performance itself is considered to be an objective criterion. Moreover, because performance can usually be measured independently of the task, implicit methods typically have low obtrusiveness and are ideal for real-world scenarios (Jeannot, 2000; Pritchett et al., 1996) .
The major criticism of implicit methods is that good or poor performance may be a result of factors other than just high or low SA (Endsley, 1995a; Jeannot, 2000; Uhlarik & Comerford, 2002) . In other words, as long as the relation between TP and SA is not well understood, the results from these methods will also be questionable. As a result, implicit measurement methods have not been very popular outside the domains of air traffic control and piloting, because researchers approach them with caution.
Subjective Methods. Subjective measurement methods typically use participants' self-ratings (Dennehy, 1997; Jeannot et al., 2003; Matthews, Beal, & Pleban, 2002; Matthews, Pleban, Endsley, & Strater, 2000; McGuinness, 1999; Taylor, 1990; Taylor, Shadrake, Haugh, & Bunting, 1996; Vidulich & Hughes, 1991) and, in some rare cases, ratings from expert observers (Dennehy, 1997) . They are based on the assumption that the participant better knows what he or she knows or does not know (Jones, 2000) . In the case when an expert is rating the person, the expert is guided by specific expected behaviors, which are associated with certain levels of SA.
The fundamental assumption of subjective methods (that the participants know best) has been their main criticism; that is, the participant is actually unaware of the true state of the situation, and this can lead to inaccurate self-estimations of his or her SA (Endsley, 1995a; Jeannot, 2000; Pew, 2000) . In defense of this criticism, Jones (2000, p. 113-114) stated that "multidimensional (subjective) rating scales break SA down into its components that are, arguably, available for self-rating."
A further criticism is that their subjective nature-as a result of several factors, such as ignorance, abilities, performance, or even personal views of what SA iscan influence the integrity of the experimental results. Bell and Lyon (2000) noted that even external observers can be biased because of the participant' s performance or the expert' s familiarity with him or her. Sarter and Woods (1995) also criticized subjective methods because, according to them, these methods treat SA only as a product, neglecting the processes involved in constructing and maintaining it.
Suitability of the Measurement Methods for the Robotics Domain
From the foregoing discussion, there seem to be a number of advantages and disadvantages of each type of measurement method. Explicit methods are direct and objective, and they have shown high validity in a number of studies. However, in some forms, they can interfere with task execution, or they are not suitable for some real-world tasks. Implicit methods typically have low obtrusiveness, which makes them suitable for real-world tasks. However, researchers approach them with caution because they might be based on assumptions that are not well understood. Subjective methods are usually easy to use, with low obtrusiveness that makes them applicable to all real-world cases, but they have been criticized because of their subjectiveness, given that measurements using this method might be biased by other factors as well.
The fact that explicit and subjective methods can measure SA as a standalone variable is an important benefit over implicit methods, as they allow researchers to investigate the relation between SA with other human factors without the need for making any kind of prior assumptions. In addition, the aforementioned views that good or bad TP may be a result of factors other than just high or low SA directly suggest that any prior assumptions may not be accurate. For these reasons, the measurement methods that seem the most promising for effective use in the robotics domain and that we compared in this study fall under the explicit and subjective categories.
Dimensions of SA
It follows from the previous review of the different categories of SA measurement methods that multidimensional methods are more commonly used. Breaking down SA into its valid dimensions helps to identify the cognitive aspects that are vital to the participant for achieving high levels of SA; this decomposition also makes it feasible to assess and improve individual components of the HRI interface that are affecting specific related dimensions.
The USAR scenario, developed in this study, requires participants to search the arena for any likely casualties in the shortest amount of time, while protecting the robot from any hazards and bringing it back safely before the batteries expire. A hierarchical task analysis, shown in Table 1 , was conducted to identify the individual items needed to effectively perform the aforementioned tasks and how these items can be acquired. It is therefore vital for these goals/tasks to be effectively pursued so that the user can have good SA over the following high-level "dimensions":
• Mission awareness: This dimension includes the items that measure the level of SA that the user has about the mission goals and how well these are being achieved. For example, the mission goal of searching the area in the most efficient way for any existing casualties implies that the user should be able to keep track of how much and which areas have been searched so far, keep track of the locations and conditions of any casualties that have been located, easily process the data as they come along, feel confident when and for what reason he/she has to change the course of action, and in general have a good understanding of what is going on.
• Spatial awareness: This dimension includes the items that measure the user' s level of SA about the robot and the surrounding objects in its operational space. This mainly includes knowing the current position and orientation of the robot and where it has been, as well as the position of critical elements such as the location of casualties, the position of threatening obstacles and hazards, and the location of exit points.
• Time awareness: This dimension includes the items that measure the user' s level of SA regarding time aspects. It mainly involves knowing the elapsed Numbering codes correspond to the ASAGAT/QASAGAT items shown in Table 2 . MA: mission awareness, SA: spatial awareness, TA: time awareness, L1: perception, L2: comprehension, L3: projection. time, the time remaining to battery depletion, the time needed to cover the required task and the time needed to reach an exit point.
These are the primary dimensions. There is a secondary axis of dimensions consisting of the three levels of SA as proposed by Endsley (1990b) . They are also included here because, although the main set of dimensions offers insights on the individual parts of SA, Endsley' s set investigates the different stages in the user' s mind of forming an overall SA picture. The secondary dimensions are as follows:
• Level 1-Perception: This dimension expresses how well the user is able to perceive the data from the human-robot interaction interfaces. The queries are intended to investigate the correctness of the user' s basic data perception (e.g., how much time has elapsed, what is the current battery level, if there are any obstacles or hazards and where they are, how many victims have been found, etc.).
• Level 2-Comprehension: This dimension expresses how well the user is able to comprehend the perceived data into useful information and form an accurate mental picture of the current situation. The queries aim to investigate the correctness of this comprehension in terms of more complicated queries that require the user to combine basic data into meaningful information (e.g., What trajectory has been followed so far? How much area has been covered? What is the distance of the robot from the exit? Is the remaining battery sufficient to drive the robot back? etc.).
• Level 3-Prediction: This dimension expresses how well the user is able to make predictions about how the outcome of his or her actions and things are likely to evolve. The queries aim to investigate the outcome of the actions taken, such as how much area can be searched at this rate within the remaining time, whether it seems feasible to bring the robot out based on its current status and the path needed to be traversed, and so on.
Proposed Methods for Measuring SA
As stated earlier, all the measurement methods that are being compared in this study are from the explicit and subjective categories. The majority of these methods, with the exception of CARS, are tightly tied to the domain they have been developed for, and as such, they appear to be inapplicable in other application sectors. However, general methodologies already have been developed (e.g., SAGAT), as well as theories that can be transferred into the area of robotics and could assist in the development of measurement methods that address the specific requirements of this domain. The details of all the proposed measurement methods investigated in the current research are presented in the next sections.
ASAGAT: Analog Situation Awareness Global Assessment Technique
As noted earlier, SAGAT (Endsley, 1988) is an explicit measurement method utilizing the freeze technique, meaning that the experimental task is paused at random intervals while the participant is engaged in it, and he or she is required to answer a set of random questions regarding the current situation. The participant' s level of SA is then measured based on the level of correctness of the responses. In its original form (Endsley, 1988) , answers in SAGAT are measured in a binary way; that is, they are strictly correct or not correct, and this has been criticized because it negatively affects the sensitivity of the method (Jeannot, 2000) .
For this reason, in the current experimental study, the scores of items that do not have strict correct or not correct answers were measured on an analog scale of 0-1, with 0 being completely not correct and 1 being absolutely correct. For example, when the participant was asked to record his or her current position, the size of the error deviation from the true position gave a closer measure than a simple correct or not correct answer. Only for matters of clarity, where appropriate, the method was addressed as ASAGAT (Analog SAGAT), rather than SAGAT. This does not imply that ASAGAT is a new measurement method, however.
SAGAT is based on Endsley' s (2000b) views on the three-dimensional model (perception, comprehension, and projection) of SA, which has already been presented. As such, ASAGAT items should reflect one or more of these dimensions, as well as the three dimensions that were suggested earlier: mission, spatial, and time awareness.
The list of the ASAGAT items and their corresponding dimensions are presented in Table 2 . For example, the item asking "how much area has been searched so far" falls under both the mission awareness and the spatial awareness dimension, because it consists of a mission goal and also examines the participant' s knowledge about immediate localization issues. It also falls under the comprehension (L2) dimension, because it combines multiple elements of knowledge-such as a series of positions, range of views, and dimensions of the room-to give an answer. For TABLE 2. ASAGAT and QASAGAT Items rapid and easier experimentation, a software version of the ASAGAT method was implemented using C/Gtk+. The final score of the participant' s SA was the average score of all the items, similar to previous, related studies (Jones & Kaber, 2005) .
QASAGAT: Quantitative Analog Situation Awareness Global Assessment Technique
Edgar et al. (2000, 2003) and McGuinness (2004) expressed some interesting views on how a participant' s level of confidence in the correctness of his or her mental picture can influence the mental picture itself. They developed a measurement method (QUantitative Analysis of Situation Awareness, or QUASA) that utilizes true/false SAGAT queries and a calibration technique to eliminate any bias. This is done by asking the participant to self-rate, on a 5-point scale, his or her confidence in the correctness of each of his or her replies. The bias score is "the average confidence rating across all test items minus the proportion of the same items that were judged correctly. In terms of, a 'well-calibrated individual' is one who has a high level of actual SA and correctly perceives this to be the case in his/her perceived SA" (McGuinness, 2004, p. 5) . In other words, this implies that SA is not only a matter of how well the participant understands the situation but also a combination of the participant' s right or wrong belief about the true level of his or her SA. A well-calibrated participant is one who believes that his/her level of SA is high or low when it truly is. A badly calibrated participant is one who believes that his/her SA is high when it actually is not, or the other way around: one who believes he/she has a low level of SA when in fact it is high.
The advantage of a well-calibrated participant is that he or she is aware of his or her capabilities and limitations; that is, one who recognizes his/her poor SA can take appropriate actions to improve it, or someone who is correctly confident about his/her high SA can make good decisions. On the other hand, a badly calibrated person is either erroneously overconfident or underconfident, making decisions based on false evidence. The participant' s confidence about the correctness of an element from his or her mental picture seems to reflect his/her uncertainty regarding the accuracy of this element, something that is usually missed in most measurements. This is better illustrated with the following example, in which two participants-one confident and one underconfident-are queried about which side of the robot an existing obstacle lies. Assume they both say "left." In the mental picture of the confident person, there is no doubt about the exact value of it, the obstacle is exactly on the left side of the robot. On the other hand, the underconfident participant is uncertain exactly where the obstacle is. This answer (i.e., that the obstacle lies on the left), is only an estimation; in the participant' s mental picture, the obstacle could also be either to the left-front or left-back side of the robot. In other words, this particular area of the underconfident participant' s mental picture appears to be blurred. As stated earlier, the confidence in one' s SA might result in directed exploration (Adams, Tenney, & Pew, 1995; Smith & Hannock, 1995) , but it is also a reflection of the "blurred" areas of a person' s mental picture. Without it, the two mental pictures, which are compared with the "ground truth," appear to be identical because they have equal measurement scores.
Based on these views, a measurement method called Quantitative Analog Situation Awareness Global Assessment Technique (QASAGAT) was developed in the current research. As its name implies, it builds on the ASAGAT method (Table 2) presented earlier, in which the use of an analog scale in SAGAT makes it possible for each item to take into account the participant' s individual confidence for the item. To accomplish this, the confidence scores of each answer modify the individual answers. There are penalties whenever a false-positive or a true-negative situation occurs. For example, if a person has high confidence about a correct response or low confidence about a wrong one, the final score remains unchanged. But if the participant has high confidence on a wrong answer or low confidence on a correct one, then the score of the answer is reduced by a penalty. This is done because it is in agreement with the theoretical assumption that SA is a matter of understanding the situation and also being aware of the level of correctness of the belief of the understanding. The level-of-confidence scores are measured on a 5-point scale, with the lower values indicating low confidence.
After careful consideration of the effect of this parameter, the penalty was set at 0.1 per unit of deviation from the corresponding confidence. The reasoning is that if the penalty is more than 0.1, the effect of confidence is large enough to lead to non-representative results. For example, in the extreme case-in which a query is perfectly correct-this should lead to a score of 1.0, but if the participant has very low confidence, the score of 1.0 must be penalized. Then, if the penalty is 0.2, the outcome would be 0.2 (1 -(5 -1) x 0.2), a score that significantly underestimates the correctness of the response.
CARS: Crew Awareness Rating Scale
As previously mentioned, the Crew Awareness Rating Scale (CARS; McGuinness, 1999) is the only method that, because of its abstraction, can be reused in any domain without requiring any modifications. It is a subjective self-rating method, used post-experimentally, and consists of eight items (see Table 3 ) that aim to measure the same dimensions as those used in SAGAT. Participants provide their answers on a fully labeled 4-point scale, which gives better descriptions of each TABLE 3. CARS Items and Rating Scale point. The scores from each item are averaged to provide a mean score of the person' s overall SA, ranging in a continuous scale from 1 (low) to 4 (high).
CARS, being a subjective method, is easy to administer and analyze and quickly applicable. However, the abstraction of the method is a serious limitation, as this makes it incompatible with the main set of dimensions used here (mission, spatial, and time awareness), and it does not offer any solutions on the specific aspects of measuring SA.
PASA: Post Assessment of Situation Awareness
Several theories (Adams et al., 1995; Endsley, 1995b; Smith & Hannock, 1995) appear to treat SA as a continuous variable, given that a person collects data and formulates mental schemata in a continuous time loop manner. It has been claimed that SAGAT and other freeze technique methods in general provide a measurement of overall SA (Endsley, 2000a) . This seems to be based on the assumption that the frequency of the freezes enables the experimenter to sample at a frequency capable of recording the mental picture of the participant for the complete duration of the task. However, this assumption seems a bit unsafe, considering that SA is a continuous variable and that its changes can be affected by changes in the environment and by a number of other factors. In the domain of telecommunications, the NyquistShannon sampling theorem (Nyquist, 1928; Shannon, 1949) suggests a sampling rate of at least twice the maximum frequency responses for lossless digitization of an analog signal. Such a suggestion would lead to a large number of freezes, something that would be disturbing to the participant. For this reason a relatively small number of stops has been used so far (Endsley, 1988 (Endsley, , 1990a (Endsley, , 2000a Riley, 2001) , which has the limitation that changes in the levels of SA that occur between the sampling instants can be missed. Using retrospective methods (e.g., CARS), one might be able to measure the "global" SA by looking back at the complete task, although the foregoing memory decay criticism (Endsley, 1995a) should also be taken into consideration. The main drawback of CARS is that it is too generic to capture the individual factors that affect the SA of users of teleoperated robots. In light of these concerns, a new measurement method, called Post Assessment of Situation Awareness (PASA), was developed in the current research to overcome these drawbacks.
PASA is applied postexperimentally and, as such, interferes minimally with the execution of the task, something that makes it applicable in real-world experiments. Also, being retrospective, it can be used to measure a person' s SA over the duration of the task. The items are similar to those in ASAGAT, but they are expressed in a way that "looks back" over the entire duration of the task. For example, whereas an ASAGAT query might be "What is your current position and orientation?" the PASA method asks, "How well do you feel you were able to keep track of your position and orientation?"
The complete set of items (see Table 4 ) covers all the dimensions of SA, offering improved diagnostic capabilities. But because of this tight integration with the specific domain of telerobotics, it is not usable in other application domains. Being a subjective retrospective method, it inherits all their major advantages and disadvantages, such as being easy to use and analyze, having low obtrusiveness, but suffering from memory decay.
The participants answer based on a 6-point scale, with the minimum and maximum values labeled accordingly (see Table 4 ). A biased scale was chosen because a neutral answer actually indicates a poor level of SA. In addition, six points were established because that number provides good sensitivity (Fink & Kosecoff, 1998) , and the scores from each item can be averaged to provide a mean score of the participant' s overall SA, ranging in a continuous scale from 1 (low) to 6 (high).
SPASA: Short Post-Assessment of Situation Awareness
PASA can be further improved in two directions: to make it faster to use, which would make it more suitable for real-world scenarios; and to include the helpful items from CARS that are not already covered by PASA, such as the item that measures SA as a global structure. Most important, if one had a method that covered both PASA and CARS, those two methods would no longer be needed. The result of these improvements is the new measurement method, called Short Post Assessment of Situation Awareness (SPASA). Table 5 shows the mappings of items from SPASA with those of PASA and CARS and illustrates the relation of the original methods with the new one.
Nearly all the items from PASA are inherited by SPASA. Only item 7 ("How well do you feel you were able to keep track of the status of the modules of the robot?") was omitted. The reason is that this item is already covered by items 9 ("It was easy to change my course of action because I felt confident about the information provided.") and 10 ("The information was provided at a rate I could easily perceive.") from SPASA. Another change is the integration of items 2 (identifying obstacles) and 3 (avoiding them) of PASA into one; they make more sense as the connected query because they query the same thing (avoiding an obstacle requires that one first identifies it). Furthermore, the main differences between the two methods include the way in which the items are expressed and measured in each. In PASA these were questions with a 6-point scale labeled at the two extreme values. In SPASA the items are statements with which the participant expresses his or her agreement or disagreement on a 4-point Likert scale (Likert, 1932) , which is fully labeled at all points, similar to the one used in CARS. These changes make the method faster and clearer to participants, first because it is easier to provide a rating in terms of agreement or disagreement, rather than on a scale of "not well" to "very well," as used in PASA; and second because the scale is shorter, making the process of deciding the most representative answer easier. This comes, however, at the price of losing some of its sensitivity, which a scale with more points can better provide (Fink & Kosecoff, 1998) . However, it should also be noted that when participants have to answer in scales with a large number of points, they tend to avoid the extreme values, and "middling of the responses" is often seen to result (Fink & Kosecoff, 1998) . A biased scale is used for the same reasons as in the case of PASA-that is, a neutral answer is actually an indication of poor SA. The scores from each item are again averaged to provide a mean score of the participant' s overall SA, ranging in a continuous scale from 1 (low) to 4 (high).
The majority of the CARS items are included in SPASA. CARS item 1("Would you say your awareness of relevant information is satisfactory?") is redundant, as it is covered in items 1 through 6 of SPASA, which investigate specific pieces of "this relevant information," such as localization, avoidance of obstacles and hazards, and battery level (see Table 6 ). Item 2 of CARS ("Would you say your grasp of the situation, i.e., understanding of what is going on, is satisfactory?") is actually another TABLE 6. SPASA Items and Rating Scale way of asking the person to self-rate his or her SA. Such items, or methods consisting of such items (e.g., PSAQ; see Matthews et al., 2000) , have received strong criticism about their validity as measurements (Pew, 2000) .
The rest of the CARS items are included in SPASA, although they have been rephrased from question-like forms into statements. For example, item 5 ("Would you say it is easy to keep to speed with the details of the situation?") and item 8 ("Would you say it is easy to make sense of the situation as a whole, to see the 'big picture'?") have been rephrased as items 10 ("The information was provided at a rate I could easily perceive.") and 11 ("I was able to have a good understanding of the holistic (global) situation.").
Further changes to some of the CARS items are necessary so that they reflect one or more of the mission, spatial, and time awareness dimensions. For example, CARS item 8 ("Would you say it was easy to decide upon the best course of action?") was changed to item 9 in SPASA ("It was easy to change my course of action because I felt confident about the information provided."). This latter item falls under the mission awareness dimension in reflecting the ability to change strategy and actions in light of new information.
Assessing Methods for Measuring SA
The two freeze techniques (ASAGAT and QASAGAT) and the three retrospective methods (CARS, PASA, and SPASA) for measuring SA are assessed in this section through analysis of their in-between relations as well as their relations and variances to TP. Table 7 shows the mean values (x -)-which are linearly normalized in the range of 0-1 in order to work on a common scale-their standard errors (SE), and the standard deviations (s n-1 ) of the samples. Although all the values seem to be close to one another, the descriptive statistics provide little information on their variances to allow any detailed comparisons to be made.
The scatterplots in Figure 3 indicate some form of linear relationships between TP and SA measurements. Correlation analysis reflects the strength and direction of the linear relationships between them. Table 8 shows both the parametric (Pearson r) and the nonparametric (Spearman ) correlation coefficients, because The correlation coefficients between the SA scores of the measurement methods and TP seem to be quite strong (Field, 2005 ) and significant, with very similar values between each one. Considering that (A)SAGAT is a popular and wellaccepted methodology, it can be used as a benchmark method against which to compare the rest of the methods. This can be further explored by looking at their in-between correlations. QASAGAT seems to be very strongly related (r ϭ .90 c ) with ASAGAT but still has some differences, reflecting the integration of the confidence correction in the scores.
The retrospective methods are also significantly related to ASAGAT and to similar coefficients (r CARS ϭ .49 c , PASA ϭ .43 c , SPASA ϭ .43 c ). SPASA seems to encapsulate and represent both its parent methods (PASA and CARS), as shown by the significant high correlations found between them ( SPASA ~ PASA ϭ .96 c , SPASA ~ CARS ϭ .50 c ). To further investigate the variance of TP with respect to the SA scores from the various measurement methods, we assessed linear regression models with the overall scores and multiple linear regression models with the six dimensions presented earlier as predictors. The significant F-ratios of the linear regression models with the overall scores of SA, shown in Table 9 , indicate that all measurement methods provide good overall fits, and the SA scores explain the variance of TP to a great extent, as shown by their multiple R 2 values. (Note that in this case, these values are the same as the resulting coefficients of determination from Table 8 .) All methods seem to have values similar to ASAGAT (multiple R 2 ϭ .22), with QASAGAT (multiple R 2 ϭ .19) and SPASA (multiple R 2 ϭ .25) being the closest to it.
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The summary of the multiple linear regression models with the six dimensions for each method (three for CARS) is shown in Table 10 . The significant F-ratios indicate that all multidimensional models are good overall fits, except CARS F(3, 26) ϭ 2.17. The multiple R 2 values are significantly higher than before for all the measurement methods (ASAGAT .53, QASAGAT .57, PASA .41, and SPASA .55), except from CARS (.20). In particular, the values of QASAGAT and SPASA are very close to those of ASAGAT, which indicates support for the validity and sensitivity of the two methods.
Further analyses of variance (ANOVA) of the individual multiple linear regression models show that TP is sensitive to the following dimensions:
• L1: (1, 23) With using ASAGAT as a benchmark, it seems that the methods that are in most agreement with it are QASAGAT and SPASA, although it has to be noted that CARS was used with only three dimensions. Also note, however, that there are high levels of multicollinearity among the dimensions in each method (e.g., in ASAGAT, SA: VIF ϭ 16.63, L2: VIF ϭ 12.24; in SPASA, MA: VIF ϭ 40.76, SA: VIF ϭ 15.92, etc.), which might be biasing the models.
With the exception of CARS (which is the only method that did not show any multicollinearity), this is unavoidable for the rest of the methods, as their queries fall under multiple dimensions. However, it must be said that this might not be an issue, given that the aim here is to assess the methods with in-between comparisons as well as with existing measures, such as (A)SAGAT, rather than to produce an accurate model of prediction of TP from SA. In any case, any attempt to produce such a model would be incomplete without taking into account other potential factors that might be influencing TP.
In summary, the results have shown that the QASAGAT and SPASA methods are in agreement with the popular and well-accepted (A)SAGAT method. This demonstrates their potential for use in measuring the SA of a robot operator. PASA also demonstrated good potential utility, but not to the same extent as its child method, SPASA.
CARS seems to have the largest deviations from (A)SAGAT and from the rest of the methods. Its generality might be a benefit, as it can be easily transferred to any application domain, but at the same time it might be the reason for these results. The generality of its queries might add another layer of subjectiveness, which does not exist in the well-determined and specific queries of the other methods. However, the results from SPASA have shown that some of its effective elements can be successfully integrated with more specific queries, and in fact it may provide an overall improvement, as the results of PASA have shown.
Conclusions
In order for robots to be effective in tasks that require extensive human-robot collaborations, it is vital to have safe, robust, and user-friendly means of interaction that support the human user/partner. Traditional methods of designing interaction interfaces and modalities have failed to produce the desired solutions, as witnessed in the urban search and rescue (USAR) scenarios in the World Trade Center in 2001.
There is a general feeling in the robotics community that the importance of human factors should be emphasized in the design process from an early stage, as these factors represent how well the robot systems support users in the performance of required tasks. Situation awareness is widely regarded as one of the key human factors that needs to be investigated, and as such there is a need for comparative and review studies between the various existing and new measurement methods of SA, so that those methods with the most potential for effectively measuring SA in the domain of robotics can be identified. This paper addressed these issues and provided a comparative study among several methods for measuring the SA of a human teleoperating a robot in a simulated robot-assisted USAR task. Its aim was to identify those methods with the most potential for use in effectively measuring SA, thereby leading to improved robot teleoperations and more effective human-robot interactions. These methods were adopted and modified accordingly to address the needs for teleoperating robot systems from the related domain of air traffic control, in which SA has a long research history.
The methods were compared with one another as well as with existing measures, such as SAGAT and CARS. SAGAT is a well-accepted method and was demonstrated in this study as having good potential. CARS, on the other hand, showed some good results, but not to the same extent, possibly explained by its abstraction, which leads to further subjectiveness. Two of the three new methods (QASAGAT and SPASA) yielded some good results and are in good agreement with SAGAT, which encourages their further use in the domain of robotics.
Finally, a new method of measuring task performance that addresses the requirements of the experimental simulated USAR scenario was developed and used in the comparative studies. It contains some interesting elements that have the potential to reliably measure TP in a number of USAR scenarios, including real-world applications.
This paper has shown that not only could the measurement methods presented lead to the development of more reliable and effective approaches to measure complex SA scenarios in USAR applications, but such metrics allow objective, comparative studies to be performed. The general issues have been addressed here, and it is hoped that the results presented will lead to coordinated advances in better human-robot systems in which robot design issues can be more directly linked to the resulting performance metrics.
